H55% 44 17 S-S D | A = SO SO Vol. 55 No. 4
2023441 JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY Apr. 2023

DOI:10. 11918/202201067
ZE R X —EEF SR B K E B ARG

CRCT N I AN R AN S A
(1. AR TR ASNLRIE S TR, T M 510641 ;2. [E 5 1EVE R RE M A B AR Fus M 510300
3. ASRCIRFRE T ER BT I B AR 5 0 A e =, M 510300)

W OE: OhGEMETEREF KT AT A RATEFE AR DA B ALL R E BATE AR B AR R B A B, R
TETLZMERX —BRFINFEEATERRMNE L, B4, ZHF BT BIERE N T R8I HHRE R AR E
NEBHFEENEHERE AR EN L NEERARNEN TR EFAEL ERWTE, A TRR EAFEF AN H
1 B e, LR PraR i & A0 B 28 X — Bt 2 5] Bl — B AR 52 0] 8 R B A0 1 B A i S A A U — B IE U AL, DA G 2 A
MRS H FI R AENTREENERG, EEEFANATRFEE LN IR EREN. XPHARE L GETHMERER
BRI B M S KB AKE BRI ER9.0% , tha B ERMNEEZREGT 18.7% , thH ¥ B ERMNEEZRETT 3.8%
PR b E Rk e 13,1 /s, ERFREHBEER, IREFRITZMWEX X —B ¥ IR HMENH K&
ik fR A I A AL By T LA XU By TR B K B AT AR A A

KW AT EFLN; FEEFET  SNEAXX —FHFT ;X —FEENt; Z0E B ARH 2

FESES: TN911. 73 XHEAPRERD: A XEHS: 0367 —6234(2023)04 —0107 - 08

Semi-supervised surface object detection based on multi-view
cross-consistency learning
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Abstract; To solve the problem of overfitting with limited labeled samples for surface object detection based on
semi-supervised learning and enhance the effectiveness of extracting objects from unlabeled samples, a semi-
supervised surface object detection algorithm based on multi-view cross-consistency learning is proposed. First, this
algorithm generates different views for training samples through data augmentations to enrich the diversity of the
dataset. Then a multi-view target discriminator is advanced to generate pseudo-labels online for the unlabeled
samples , extracting useful information from unlabeled samples. Finally, the multi-view cross-consistency learning is
implemented to achieve cross-consistency regularization between the outputs of different views of the same instance,
prompting the detection model to learn discriminant features and mitigate the risk of overfitting. The experimental
results at maritime and inland rivers show that the proposed algorithm improves the discrimination of feature
extraction. The detection accuracy of multi-category surface objects reaches 90. 1% , 18.7% higher than the full
supervised detection algorithm and over 3. 8% higher than other semi-supervised detection algorithms. Regarding
detection speed, the algorithm reaches 13.1 frames per second, basically meeting the real-time requirements. The
algorithm through multi-view cross-consistency learning tends to improve the discrimination of features and reduce
the overfitting risk of the detection model, with the performance of semi-supervised surface object detection
optimized.

Keywords: surface object detection; semi-supervised learning; multi-view cross-consistency learning; cross-

consistency regularization ; multi-view target discriminator
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Fig. 1  Structure of the semi-supervised surface object detection
model
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SCHR[7] 77.4 84.5 69.4 88.9 90. 4 79.7 75.3 65.3 65.9
k(8] 80.2 90.2 81.1 85.7 89.9 81.3 63.2 71.2 78.9
SCHRT9 ] 83.6 97.5 80.9 92.7 92.8 85.2 76. 4 68.7 74.7

AL 87.7 98.2 82.4 96.2 95.2 96.0 80.2 69.5 83.7
AU 88.0 98.2 82.8 96.5 95.4 96.0 80.3 70.4 84.0
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Tab.3 Detection performance of different algorithms

i mAP/% [
SCHk[ 4] 72.3 13.2
SCHR[7 ] 80.3 5.4
SCHR[ 8] 83.0 16.8
SCHR[9] 87.2 12.8

3L 91.0 13.1
A3t 91.3 -
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Fig.5 Visualization of detection results of the proposed algorithm
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